While large carnivores are recovering in Europe, assessing their distributions can help to predict and 18 mitigate conflicts with human activities. Because they are highly mobile, elusive and live at very low 19 density, modeling their distributions presents several challenges due to i) their imperfect detectability, 20 ii) their dynamic ranges over time and iii) their monitoring at large scales consisting mainly of 21 opportunistic data without a formal measure of the sampling effort. Not accounting for these issues can 22 lead to flawed inference about the distribution.
. For every presence sign, the date and location of collection were stored in a 162 geo-referenced database. These data are considered opportunistic in the sense that monitoring occurs all 163 year long in an extensive manner without explicitly quantifying the sampling effort. Dynamic site occupancy models 166 To model the colonization dynamics of wolf, we used dynamic site-occupancy models (Mackenzie et 167 al. 2003) . These models allow the quantification of species occupancy while correcting for imperfect 168 species detectability based on repeated sampling in time and space. We defined sampling units as 169 10x10km cells, which appears to be the best option in the context of our study (Marboutin et al. 2010 ) 170 and also is the recommended surface to produce maps of presence by the European Union (E. C. 2006) . 171 Site occupancy models rely on several assumptions, including the closure assumption which states that 172 the ecological state of a site (whether it is occupied or not) remains unchanged through occasions (or 173 surveys) j within a year k. During year k, sites were monitored mainly in winter from December to 174 March, the most favorable period to detect the species between the two peaks of dispersal events in 175 spring and fall (Mech and Boitani 2010) . We defined the secondary occasions j as December, January, 176 February and March and y i,j,k , the observed state of site i equal to 1 if at least one sign of presence was 177 found at site i during occasion j in the year k (and 0 otherwise).
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) in which the model is viewed as the combination of (i) the ecological process that involves the 180 latent ecological state of a site, i.e. whether it is occupied or not; (ii) the observation process that leads 181 to the detections or non-detections by the observer conditional on the state of the system. The 182 colonization probability γ i,k is the probability that an empty site i during year k becomes occupied 183 during year k+1, while the extinction probability ε i,k is the probability that an occupied site i during 184 year k becomes empty during year k+1. We define z i,1 as the initial latent state of site i as being drawn 185 from a Bernoulli distribution with the success probability being Ψ i,1 , z i,1 ~ Bernoulli (Ψ i,1 ). All other 186 latent states z i,k for k > 1 are drawn from a Bernoulli distribution as
. On top of the ecological process stands the observation process, in which the 188 detections/non-detections are drawn from a Bernoulli distribution y i,j,k |z i,k ~ Bernoulli(z i,k p i,j,k ) where 189 p i,j,k is the probability that the species is detected at site i for an occasion j during year k. The state-190 space formulation is appealing as it makes explicit the latent states z i,k that can be used to build 191 distribution maps.
193
Sampling effort 194 Monitoring the range expansion of wolves at the country level prevented us from implementing any 195 standardized experimental sampling design. Instead, the presence signs were sampled in an 196 opportunistic way and the sites were defined a posteriori. When dealing with detection-only data, 197 various approaches have been adopted to infer the non-detections. In the context of species-list 198 protocols, if other species are detected at a site but not the focal species, one can assume that observers 199 were present but did not detect the species of interest and, hence a non-detection for this species is 200 recorded at this given site (Kéry et al. 2010) . In the context of single-species monitoring, several 201 authors have assumed that the observation effort was sufficient enough to make the assumption that all 202 occupied cells were monitored during the study period in any year (e.g., Molinari-Jobin et al. 2012) . 203 We adopted an original approach to infer the non-detections based on the available qualitative 204 information on the observers. When entering the network, observers attended a 3-day training session training sessions, we recorded the observers' personal and professional address, socio-professional 207 category and entry date into the network. The entry date was used to quantify how many observers 208 were present in the network each year. We calculated a circular buffer for the prospection area for each 209 observer based on a radius specific to his/her socio-professional category and a center located at his/her 210 address (Supplementary material, table A1). For instance, for an observer belonging to the category 1 211 (departmental authority) whose address was located in the French Department number 39, his/her 212 prospection area would be 4 999 km², which is the size of the Department (Supplementary material, Table A2 ). For this observer, a circular buffer was built with a radius calculated as Radius
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For each 10x10km cell, we then calculated the number of observers monitoring the species per 216 year by summing the number of prospection areas overlapping the cell (supplementary material, Fig.   217 A2). We set the species detection probability at a site to zero when the sampling effort was null in that 218 site, i.e. no observers were present in that cell. When at least one observer was found in a cell in a given 219 year, we considered that sampling occurred, hence concluding that a presence sign found at a particular 220 occasion this year was a detection, and a non-detection otherwise. We expected that with more 221 observers per site per year, the species was more likely to be detected, in other words that the sampling 222 effort had a positive effect on the detection parameter. We performed a sensitivity analysis to assess Wolves can adapt to a large range of different habitats, which makes it difficult to identify specific 228 factors that may influence the species' presence at a site (Mech and Boitani 2010). However, we 229 incorporated proxies of variables that might shape the wolf distribution (Table 1) . Vegetation 230 composition can indirectly influence the probability that a site becomes colonized (Marucco 2009) as (U.E -SOeS, Corine Land Cover, 2006), we defined 3 covariates to characterize the landscape of the 233 study area: forest cover, farming cover and rock cover. We used the IGN BD_ALTI® database (250m 234 resolution) to calculate the mean altitude of each site as well as the proportion of altitude higher than 235 2500m. Above this limit, most of the vegetation cover is grassland or rocky area. Altitude may be 236 linked to colonization. We also predicted a site with a high proportion of high-altitude (>2500m high) 237 would be less attractive for the species. Forest cover may structure the ungulate distribution (i.e. prey 238 species). As a consequence, we expected that a site with higher forest cover would have a higher 239 probability of being colonized and a site with higher rock cover would have a lower probability of 240 being colonized. We also used the proportion of agricultural area as a covariate combining all types of 241 farming activities including pastures areas. Those areas can be occupied by sheep, a possible prey to 242 wolves, and therefore may have a positive influence on the settlement of the species at a site. Altitude 243 may be linked to colonization. We also predicted a site with a high proportion of high-altitude (>2500m 244 high) would be less attractive for the species. neighboring packs. In that spirit, the presence of individuals at short and long-distance could be 251 accounted for by using conditional autoregressive models and auto-logistic models (Bled et al. 2013) .
252
However, due to the computational burden and convergence issues, we could not implement this 253 approach here. We therefore defined two covariates that consisted of the observed number of 254 contiguous observed occupied cells at both short and long-distances around the focal cell. The short-255 distance covariate was defined as the number of observed occupied cells that were directly contiguous 256 to the focal cell i.e., situated within a distance of 10 km. The limit for the long-distance parameter was 257 set to avoid a dilution effect due to the small number of observed occupied cells at very long-distances colonization probability. Based on observations of wolf dispersal in the Western Italian Alps (Marucco 260 and McIntire 2010), we set this limit at 150 km around the focal cell. We expected a positive effect of 261 these two covariates on the probability of a site to be colonized.
262
Because dispersal could be driven by the presence of physical barriers (Wabakken et al. 2001, 263 Blanco et al. 2005), we defined a landscape covariate depicting the distance from the center of the site 264 to the closest barrier defined as highways or rivers (U.E -SOeS, Corine Land Cover, 2006). We 265 expected this covariate to impact colonization negatively.
266
In the first few years after sites become newly colonized, extinction probability is expected to 267 be high as long as only isolated individuals use them. Once a pack has settled, pack persistence is the or by neighboring packs. We therefore expected the extinction probability to decrease over time, which 273 was tested by using "year" as a continuous covariate.
274
Finally, in addition to sampling effort, we considered the potential effect of road densities on 275 the species detectability, first through facilitation of site accessibility for the observers and second, Last, we considered the initial occupancy probability as constant since only two sites were 281 occupied in the first year of the study, which was not enough to assess the effects of covariates on this Table C1 ). In a Bayesian framework, we excluded a regression 290 parameter by constraining it to 0 by specifying an informative prior centered on 0, while we estimated 291 it by using a flat prior, that is
Bernoulli(0.5). Prior to model selection, we ran a Spearman test to check for correlations among 293 covariates. 294 We used the software JAGS (Plummer 2003) and Markov chain Monte Carlo (MCMC) 295 simulations for model selection and parameter estimation. We ran three MCMC chains with a burn-in 296 period of 2500 iterations followed by 10000 iterations on which we based our inference. We checked 297 convergence visually by inspecting the chains and by checking that the R-hat statistic was below 1. 
Results
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The effect of covariates on detectability and the dynamic of occupancy 305 The model best supported by the data had detection as a function of sampling effort, road 306 density and occasion (month) and colonization as a function of forest cover, farmland cover, mean 307 altitude, proportion of high-altitude and the number of observed occupied cells at a short and long-308 distance neighborhood (Supplementary material, Table C1 ). This model appeared to fit the data 309 adequately well (Supplementary material, Fig. B1 ). Posterior medians and 95% credible intervals are given for each parameter. To calculate the effect of a covariate, we set the other covariates to their 311 mean value.
312
Initial occupancy probability was low, as expected since few sites were detected as occupied at 313 the beginning of the study (Supplementary material, Table C2 ).
314
As predicted, forest cover had a positive influence on the probability that a site became 315 colonized. The proportion of farmland area within a cell also appeared to have a positive but weak 316 influence on this probability. Below 1500m of altitude, the probability that a site became colonized was 317 close to zero, whereas above this limit the probability reached up to 0.26 (0.16; 0.41) (Fig. 2) . This 318 probability decreased with the high-altitude proportion in a site. Finally, as predicted, both the short 319 and long-distance count of observed occupied neighboring cells had a strong influence on the 320 probability that a site became colonized over a year and was dependent of the early vs. late period of 321 the wolf recovery trend. Over time, the number of observed occupied neighboring cells increased at 322 both short and long-distance (Supplementary material, Fig. D1 ). If all of the 8 neighboring cells were 323 observed as occupied, the probability that the target site became colonized was 0.37 (0.23; 0.54) 324 compared to a colonization probability of 2.71x10 -3 (2.11x10-3; 3.47x10-3) if the target site had only 0 325 to 2 contiguous neighboring cells observed occupied. As this number increased, the probability that a 326 site became colonized increased accordingly (Fig. 2) .
327
[ Figure 2 about here]
328
Sites located within the Alps had the highest number of observed occupied sites at both short 329 and long-distance. Colonization probability was the highest in this area (Fig.3) . The highest part of the 330 Alps (i.e. sites with the greatest proportions of high-altitude) remained with a low colonization 331 probability (Supplementary material, Fig. D2 ). Overall, this probability was higher than zero in 332 mountainous areas and increased with time as the number of occupied sites increased (Fig. 3) . (Fig. 6 ). This growth rate decreased over time, from 125% at the early stage of the wolf 371 colonization in 1994 to 5% in 2014, but the species is still in an expanding phase mainly thanks to the 372 colonization outside of the alpine range.
373
[ Figure 6 about here]
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The model did not predict absence in places where presence signs were found (Fig. 7) . Sites 375 with high occupancy probability were mainly those close to the sites where the species had been 376 previously detected, mostly due to the effect of short-distance neighbors. Some sites had a high 377 probability of being occupied (> 0.75), however the uncertainty associated with those predictions was 378 also high (standard deviation [SD] > 0.30). We found sites with high probability of occupancy (> 0.75) 379 with low uncertainty (SD < 0.20), and some of those sites were observed as occupied in the following 380 year because the model propagates information backwards in time and so z k is informed directly by z k+1 . Determining favorable areas is often accomplished by building distribution maps using habitat 386 suitability models (e.g., Mladenoff et al. 1999) or occupancy models (e.g., Marucco 2009). However, 387 these studies often rely on a static relationship between the species of interest and its environment the processes governing the dynamic of recolonization of a keystone carnivore species. By controlling 390 for species detectability and heterogeneous sampling effort, our approach can be used to assess the 391 distribution dynamics of any species based on opportunistic data, pending relevant information is 392 gathered on the people collecting the data. Site occupancy models rely on several assumptions that need to be discussed (Mackenzie et al. 2003 (Mackenzie et al. , 397 2006 . First, the species should not be detected when absent from a site (i.e. no false positives). This is 398 unlikely to happen in our case since we did not account for presence signs that were rejected because 399 they did not fulfill the standardized criteria used to avoid species misidentification (Duchamp et al. If movements or mortality occurred inside or outside of the sampling sites, it is likely that the 411 probability of occupancy in a given time interval did not depend on the occupancy status of a site in the 
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Besides the usual assumptions of occupancy models, we also had to deal with opportunistic data 431 that are collected through non-standardized sampling protocols. To cope with opportunistic data, we 432 defined a grid of spatial units that was overlaid on the map of detections/non-detections. In doing so, Up: Number of 10 x 10 km quadrats observed (black), estimated occupied ignoring sampling effort (red) and estimated occupied accounting for sampling effort (blue). Blue and Pink parts represent the 95% credible interval associated to the estimated number of occupied sites.
Down: Maps of differences between estimates of occupancy from the model accounting for sampling effort and the one ingnoring sampling effort. Dark red sites are sites that appeared estimated occupied by the model accounting for sampling effort but did not appear occupied once ignoring sampling effort. Both maps are associated with maps of the sampling effort for the years 1997 and 2014. Table A1 : Size of prospection areas as a function of socio-professional category of observers. Observers were classified according to 8 entities to capture the diversity of their professional and personal field activities. People working for the departmental authorities (Category 1) display a field effort all over that departmental area. Observers belonging to the category 2 are state employees affected to the protected area they are working in. Details were not given for Regional Natural Park agents and Natural reserve agents. Their prospection area corresponds to the mean area of the protected area they are affiliated to. ONCFS agents (category 8) are attributed half a French Department as field areas when assigned for species monitoring. ONF agents (category 9) are attributed 1/10 of a French Department. Farmers (category 4) and hunters (category 5) usually focus on the restricted area ("municipality") where they farm, breed sheep or hunt. Scientists (category 3), members of a naturalist association (category 6) and volunteers (category 7) were given ¼ of their affiliated department as their main activity might not be focused on species monitoring. Table A2 : French departments where observers are present in 2014 along with their area and the number of observers affiliated to each department depending on their socio-professional category. Categories 2, 4 and 5 are not shown because their prospection areas do not depend on the size of the affiliated department. See also Figure A1 . 0  3  0  38  7431  6  1  21  29  28  23  39  4999  5  0  16  7  12  14  42  4781  8  0  1  4  3  3  43  4977  2  0  0  1  4  0  46  5217  0  0  0  0  1  0  47  5361  0  0  0  0  3  0  48  5167  17  0  5  6  14  8  54  5246  5  0  9  3  7  4  55  6211  1  0  1  1  23  3  57  6216  4  0  4  6  17  1  58  6817  0  0  1  0  0  0  59  5743  0  0  0  0  0  0  63  7970  0  1  5  1  6  1  65  4464  0  0  0  0  2  0  66  4116  6  0  7  18  10  11  67  4755  11  0  19  16  31  14  68  3525  28  0  20  44  16  17  69  3249  1  0  1  2  4  0  70  5360  10  0  11  1  12  12  71  8575  0  0  1  2  7  1  73  6028  7  0  5  17  17  33  74  4388  6  0  16  29  20  13  81  5758  0  0  0  0  4  1  82  3718  3  0  0  0  3  0  83  5973  3  1  2  3  15  1  84  3567  2  0  1  0  10  5  87  5520  0  0  0  1  0  0  88  5874  16  0  12  17  25  33  89 7427 0 0 1 0 0 0 90 609 7 0 3 3 9 5 Figure A1 : Map of French departments with the identity code used in Table A2 . Figure A2 : Schematic representation of how the sampling effort was calculated. Left: Observers were plotted according to their address. A circular buffer was affiliated to each observer with a surface equal to the prospection area following Tables A1 and A2 . Right: resulting sampling effort calculated as the sum of observers sampling in each cell. Figure B1 : Results from posterior predictive checks for the dynamic occupancy model best supported by the wolf data. We show a scatterplot of the predicted chi-square discrepancy between simulated and expected data (on the Y axis) versus the observed chi-square discrepancy between expected and observed data (on the X axis) across MCMC samples. The Bayesian predictive p-value is 0.46 and represents the proportion of samples above the diagonal. Overall, the fit of the model seems satisfactory. Figure D1 : Number of sites having more than 0 observed occupied neighboring cells at short (contiguous cells) and long distance (between 10 km and 150 km) for 1994, 2004, and 2014. Figure D2 : Maps of covariates tested in the study. First row from left to right: proportion of farmland cover (from 0 to 1); proportion of forest cover (from0 to 1); road density (from 0 to 1); high altitude density (from 0 to 1). Second row: proportion of rock cover (from 0 to 1). Third row: left: distance from the cell center to the closest barrier (highway or river); right: mean altitude (in meters). Figure D3 : Maps of sampling effort for 1994, 2004, and 2014. Sampling effort was defined as the number of prospecting observers per site per year. In 1994, 1036 sites were prospected by at least one observer and 3083 were prospected in 2014. In 1994 only sites in North-Eastern part of France were prospected and in 2014 all Eastern France was prospected with some parts in South-West. Size of the prospection area depended on the socio-professional category of observers: observers from an administrative field (policemen for instance) were assigned a theoretical prospection area the size of the French department in which they were affiliated, observers from national parks, regional natural parks and natural reserves were assigned a prospection area the size of those areas. Observers from the farming profession and hunters were assigned a prospection area the size of the county they work in. Scientists, members of naturalist associations and private observers were assigned an area a quarter the surface of the French department where they found signs. Observers working in the French Game and Wildlife Agency (ONCFS) were assigned an area half the surface of the French department they work in. Observers from the French National Office for Forest (ONF) were assigned an area 1/10 the surface of the department they work in.
